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Abstract: Currently, the urgent needs of sustainable mobility and green energy generation are driving
governments and researchers to explore innovative energy storage systems. Concurrently, lithium-ion
batteries are one of the most extensively employed technologies. The challenges of battery modeling
and parameter estimation are crucial for building reliable battery management systems that ensure
optimal battery performance. State of charge (SOC) estimation is particularly critical for predicting
the available capacity in the battery. Many methods for SOC estimation rely on the knowledge of
the open-circuit voltage (OCV) curve. Another significant consideration is understanding how these
curves evolve with battery degradation. In the literature, the effect of cycle aging on the OCV is
primarily addressed through the look-up tables and correction factors applied to the OCV curve
for fresh cells. However, the variation law of the OCV curve as a function of the battery cycling is
not well-characterized. Building upon a simple analytical function with five parameters proposed
in the prior research to model the OCV as a function of the absolute state of discharge, this study
investigates the dependency of these parameters on the moved charge, serving as an indicator of the
cycling level. Specifically, the analysis focuses on the impact of cycle aging in the low-, medium-, and
high-SOC regions. Three different cycle aging tests were conducted in these SOC intervals, followed
by the extensive experimental verification of the proposed model. The results were promising, with
mean relative errors lower than 0.2% for the low- and high-SOC cycling regions and 0.34% for the
medium-SOC cycling region. Finally, capacity estimation was enabled by the model, achieving
relative error values lower than 1% for all the tests.

Keywords: lithium-ion batteries; open-circuit voltage characteristics; cycle aging

1. Introduction

Energy storage systems (ESSs) play a pivotal role in modern energy management by
storing the excess energy during the low-demand periods and releasing it during the peak
demand times. ESSs can be classified into several types based on the mechanism used to
store and release the energy, such as mechanical, thermal, electrical, and electrochemical
storage devices [1]. Mechanical storage devices include, among others, pumped hydro
storage, where energy is stored by pumping water to a higher elevation and released by
allowing it to flow downhill through turbines to generate electricity [2,3]; gravity energy
storage, where water is used to lift and drop a certain mass moving a turbine [4,5]; and
flywheels, where kinetic energy is stored in a rotating mass and released as electricity
when needed [6]. Thermal energy storage includes, among others, sensible heat storage,
where thermal energy is stored or released by changing the temperature of a material
without undergoing phase change, and latent heat storage, where energy is stored or
released by changing the phase of a material (e.g., solid to liquid) without changing its
temperature [7]. Electrical energy storage includes capacitors, where electrical energy is
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stored in an electric field in a dielectric material between two conductive plates, providing
rapid energy release but lower energy density [8]; supercapacitors, where energy is stored
electrostatically at the interface between electrodes and electrolytes based on the double-
layer capacitance effect, offering high power density and rapid charging/discharging [9];
and superconducting magnetic energy storage, where energy is stored in a magnetic field
generated by superconducting coils, offering high efficiency and fast response times [10,11].
Electrochemical energy storage mainly includes rechargeable batteries, where chemical
energy is stored and converted into electrical energy through chemical reactions [12], and
redox flow batteries, where the electrochemical cells store energy in liquid electrolytes
contained in separate tanks, allowing for scalable and long-duration storage [13].

Rechargeable batteries are among the most commonly used electrochemical storage
devices in various applications. Batteries are available in a variety of types, each with its
own unique chemistry and characteristics. Nickel–cadmium batteries, for instance, offer
moderate energy density but are prone to memory effects. Historically used in portable
electronics, their use has declined due to environmental concerns regarding cadmium.
However, they are still found in some applications requiring ruggedness and reliability,
such as emergency lighting and backup power systems [14]. Nickel–metal hydride batteries
offer moderate energy density and good cycle life. They are commonly used in consumer
electronics, hybrid vehicles, and power tools. Moreover, they are less susceptible to memory
effects compared to nickel–cadmium batteries [15]. Lead–acid batteries, on the other hand,
have relatively low energy density but are robust and cost-effective. They are used in
automotive starting batteries and backup power systems. The variants include flooded
lead–acid, valve-regulated lead–acid, and absorbed glass mat batteries [16].

In particular, the current need of innovative technologies for green energy production
and sustainable transportation acts as a stimulus for governments to redirect their incentives
toward supporting research in novel energy storage systems with high power and energy
density, high efficiency, and long lifetimes. To meet these requirements, lithium-ion batteries
(LiBs) represent one of the latest technologies, among the rechargeable batteries, currently
under continuous development and study, offering good performance. They are widely
used in portable electronic devices, electric vehicles, and renewable energy storage systems.
Various types include lithium cobalt oxide (LCO), lithium manganese oxide, lithium nickel
manganese cobalt oxide (NMC), lithium nickel cobalt aluminum oxide (NCA), lithium iron
phosphate (LFP), and lithium titanate oxide.

However, LiBs are susceptible to aging due to different degradation mechanisms
that result in the loss of lithium inventory and the loss of active material. The causes are
mainly related to the storage and working conditions, dependent on factors such as the
temperature, state of charge (SOC), voltage limits, and current rate. The resulting effects
are reflected in a decrease in the battery capacity, leading to a reduction in the stored
energy and an increase in the battery’s internal resistance, resulting in a decrease in the
power exchange [17–20]. According to the latter, the state of health (SOH) of an LiB is often
associated with either a decrease in capacity or an increase in battery resistance.

To better understand these degradation phenomena and make the battery work under
optimal conditions, which can increase its efficiency and mitigate aging, it is very important
to develop battery models that are accurate yet easy to implement in battery management
systems (BMSs). In this way, BMSs can forecast the battery behavior by estimating its
parameters and adequately controlling the operating conditions [21–23].

The SOH and SOC are two important parameters among others. Indeed, achieving
accurate estimations for the SOH and SOC is essential to operate within the safe and
operational limits [24], and to assess the remaining capacity and lifespan of the battery.
Moreover, the SOH and SOC are interconnected. As a matter of fact, the accurate estimation
of the SOC depends on the current value of the battery capacity, which, in turn, is linked to
the SOH.

In the literature, it is possible to find many works proposing different techniques for
SOC evaluation, which can be split into non-model- and model-based approaches [25].
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Among the former, the coulomb counting method is one of the first techniques used. It
simply involves integrating the battery current. While it is simple and imposes a low
computational burden, its accuracy is related to the precision of the knowledge of its
initial value, and it is susceptible to cumulative errors [26]. The most employed methods
among the model-based approaches are those that can be linked to physical models or
equivalent circuit models [27]. The physical models are highly accurate but demand
a high computational burden due to the involvement of numerous partial differential
equations. In contrast, the equivalent circuit models, while less accurate than the former,
are considerably simpler as they are described by algebraic and ordinary differential
equations [28]. Nonetheless, these methods necessitate the precise identification of the
battery open-circuit voltage (OCV) curve as a function of the SOC. Furthermore, the OCV–
SOC relationship undergoes variation with aging and temperature [29]. Thus, an accurate
understanding of the OCV–SOC relationship, coupled with its dependency on aging and
temperature, is crucial for a correct SOC estimation. This work specifically focuses on
investigating the cycle aging effect on the OCV curve at a fixed temperature.

In the literature, many studies have proposed different methods for modeling the
relationship between the OCV and SOC. These approaches can be broadly categorized
into table-based and analytical approaches. The former approaches use look-up tables to
represent the OCV–SOC curve [30]. While this approach demands a minimal computa-
tional burden, it may require substantial memory, depending on the required precision.
Thus, characterizing the curves at different conditions, such as temperature and aging, may
necessitate the use of many experimental points. The analytical approaches use mathemati-
cal expressions with a certain number of parameters for modeling the OCV–SOC curve.
According to the type of analytical function, the parameters can be found through linear or
nonlinear regression methods, such as linear or nonlinear least squares (LS) methods. Many
analytical functions can be found in the literature. The polynomial functions are widely
employed, and they can be of different degrees depending on the desired accuracy [31–33].
The higher the degree, the greater the accuracy, but it also leads to an increase in the number
of parameters that need to be tuned. Logarithmic functions [34–36] and exponential func-
tions [37] are other widely employed functions. The former have only three parameters to
be found and exhibit good accuracy, but they cannot approach the limit values of the SOC,
i.e., zero and one. Another solution is to model the OCV–SOC curve using a combination of
the above-mentioned functions [38,39]. These combined models tend to be more accurate.
In [40], the authors modeled the OCV–SOC curve using a combination of exponential and
polynomial functions. They obtained an accurate model but with twelve parameters. A
solution that reconciles good accuracy and low complexity is proposed in [37]. In this case,
the OCV–SOC curve was modeled through two exponential terms and one square root
term with only five parameters.

Nevertheless, all the above works did not consider how the battery aging can change
the OCV–SOC relationship. In [41], for an LFP battery, the authors corrected the SOC
with the current capacity value. In this way, they obtained that the different OCV–SOC
curves related to different aging levels were quite coincident. On the other hand, in [42],
the authors linked the OCV–SOC curves at the different aging levels to the one of the fresh
cell by adding an opportune value. In [43], for another LFP battery, the authors used the
SOH information for correcting the OCV–SOC relationship considering aging.

However, these works did not provide a comprehensive variation law of the param-
eters of OCV–SOC curves with aging. For this reason, the authors of the present work
proposed in [44] a simple analytical function for modeling the relationship between the
OCV and the absolute state of discharge, q. This function consists of one constant term and
two exponentials, with a total of five parameters to be tuned. Specifically, the proposed
analytical function stemmed from our exploration of various aforementioned model forms,
including polynomial expressions with different degrees. Through this process, we sought
a balance between accuracy and complexity, ultimately finding that the double exponential
expression provided the best tradeoff, specifically using the coefficient of determination
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and parameter interpretability. In particular, one exponential term is used to model the
convex part of the OCV-q curve, while the other term captures the concave part. Finally,
under fixed temperature conditions, the variation in these parameters with cycle aging was
assessed. On the other hand, cycle aging was performed only within the linear zone of the
OCV-q curve, specifically in the medium SOC between 20 and 80%, with the battery voltage
limited between 3.45 V and 4.05 V, lacking the behavior outside those limits. Extending the
same results to batteries cycled outside that region is not trivial or obvious a priori.

In light of the above, in the present work, the analysis performed in [44] was conducted
to perform cycle aging exploited in three different SOC regions. In particular, using battery
cells of the same type as in [44], three different cycle aging tests in low-, medium-, and
high-SOC regions were performed, and the proposed model was then verified through an
extensive experimental investigation.

2. Battery Model

Given our focus on evaluating the discharge OCV curve, we adopted the simple
zero-order Thevenin electric circuit model. In fact, the various dynamic behaviors of the
battery do not need to be considered. This model is composed of a q-controlled voltage
source and a series resistor, as depicted in Figure 1. The q-controlled voltage source, vocv(q),
imposes the OCV voltage as a function of the absolute state of discharge, q, considering the
OCV-q relationship of the LiB, while the series resistor, Rbat, models the battery’s internal
resistance. The latter considers various phenomena, including the ohmic resistance of the
different materials composing the battery (electrodes, current collectors, and electrolyte),
the solid electrolyte interface film resistance, and the resistance that takes into account the
overpotentials due to chemical phenomena (charge transfer and diffusion processes).
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Figure 1. Zero-order Thevenin electric circuit model.

The absolute state of discharge, q, is evaluated as follows:

q(t) =
1

3600

t∫
0

ibat · dτ + q(0) (1)

where q(0) represents the initial value of the state of discharge. Thus, the SOC can be linked
to q and the actual battery capacity, Ca, using the following equation:

SOC =

(
1 − q

Ca

)
· 100. (2)

According to the equivalent electric circuit of Figure 1, the total voltage developed by
the battery at its terminals, vbat, is related to the battery current, ibat, and OCV voltage, vocv,
according to Kirchhoff’s voltage law:

vbat = vocv(q) + Rbatibat. (3)

The vocv(q) curve modeling the relationship between the OCV and absolute state of
discharge was defined as

vocv(q) = p1 · eλ1·q + p2 · eλ2·q + p3 (4)
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where parameters p1, p2, p3, λ1, and λ2 are characteristics of the LiB and have to be found,
as will be discussed later.

To expedite the experimental tests, the discharge vocv(q) experimental curves were
obtained by fully discharging the LiB at 1C. Consequently, the battery resistance causes the
output voltage of LiB to deviate from the OCV due to the related voltage drop. Assuming
the battery resistance remains relatively constant with the SOC, as in [44], it was estimated
and subtracted from the output battery voltage. Starting from the battery being fully
charged, the estimation of the battery resistance was conducted by considering that, when
the battery starts to discharge, it undergoes an electric transient related to different chemical
phenomena. Considering the proper time interval, following the procedure reported in [45],
the resistance of the battery was estimated as the ratio between the voltage variation during
this time interval and current step, as reported in Figure 2. Then, the vocv(q) curve was
obtained, and the section of the vocv(q) curve related to the that time interval was removed.
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Figure 2. Battery resistance estimation during battery discharge.

Since we are interested in analyzing how the cycle aging, exploited in different SOC
cycling regions, affects the vocv(q) relationship, it is possible that parameters p1, p2, p3, λ1,
and λ2 may be varying as a function of the cycle aging itself. Therefore, to quantify the
level of cycle aging, the total moved charge, Q, of the LiB exchanges was used. It is defined
as follows:

Q(t) =
1

3600

t∫
0

|ibat|dτ. (5)

In this way, considering (5), the parameters of (4) can become dependent on Q.

3. Test Procedure and Setup

For the present analysis, three LCO battery cells manufactured by General Electronics
Battery Co., Ltd. (Shenzhen, China), were cycled across three different SOC intervals
to analyze the influence of the mean SOC in the low-, medium-, and high-SOC regions
during aging cycles on the vocv(q) curve. These batteries are 8,773,160 K pouch cells (10 Ah,
2.75–4.2 V) of the same production batch.

3.1. Experimental Setup

The experimental setup used for the tests is depicted in Figure 3, and the details are
provided below.

It comprises a potentiostat (SP-150) and a 100 A booster (VMP3B-100), both manufac-
tured by Biologic Science Instrument. These instruments were interfaced with a PC via an
ethernet cable and controlled using the EC-Lab (v11.34) software. The 100 A booster was
linked to the LiB cell under test through a power cable. The LiB cell configuration included
a heatsink, two fans, three Peltier cells, a DC voltage source, a temperature probe, and a
Texas Instrument DRV8303 inverter managed by an F28069M controller board.
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Figure 3. Overview of the experimental setup.

The three Peltier cells were connected in series and powered by a DC voltage source.
They were positioned between the LiB cell under test and the heatsink and properly
controlled by the control board through the inverter to maintain a uniform temperature of
25 ◦C throughout the aging cycles and discharge voltage curve measurements. This helped
to minimize temperature-induced variations in the vocv(q) curve.

3.2. Experimental Procedure

The experimental procedure, whose flow chart is reported in Figure 4, encompassed
two stages: the reference characterization stage and the cycle aging stage. In both stages,
the temperature was kept constant at 25 ◦C. The first stage was conducted at the beginning
of the batteries’ life and after each cycle aging stage, which involved moving approximately
500 Ah.

The reference characterization stage involved the constant current–constant voltage
protocol (CC–CV). Specifically, LiBs were fully charged at 10 A (1C) up to reaching the max-
imum cutoff voltage of 4.2 V. Subsequently, this voltage was maintained until the current
decayed below 500 mA (0.05C). After the batteries were fully charged, they underwent
discharge with a current of 10 A (1C) up to reaching the minimum cutoff voltage of 2.75 V.
After this stage was completed, the LiBs cycled in the low- and medium-SOC regions were
charged at 10 A (1C) moving 1 Ah and 5.2 Ah, which correspond to 10% and 52% of the
nominal capacity, respectively. Instead, the LiB cycled in the high-SOC region was fully
charged again through the CC–CV protocol and then discharged at 10 A (1C) moving 1 Ah,
which corresponds to 90% of the nominal capacity. It is important to highlight that, as the
battery cells age, their actual capacity decreases. Consequently, moved charges of 1 Ah
and 5.2 Ah may correspond to different percentages of SOC, that, however, are minimal
(approximately 5%) and did not alter the mean values of the SOC regions at which the
three batteries were cycled.

The cycle aging stage consisted of charging and discharging the three LiBs at 20 A (2C)
around the three related mean SOCs, limiting these variations according to two factors: the
maximum SOC variation and the voltage limits. These limits varied for the tests performed
in the three SOC regions. In particular, for the LiB cycled in the low-SOC region, the limits
were −0.4 Ah and +0.4 Ah (±4% of nominal capacity), and 2.75 V and 3.65 V; for the tests
performed in the medium-SOC region, the limits were −0.4 Ah and +0.4 Ah, and 3.60 V
and 3.95 V; for the tests performed in the high-SOC region, the limits were +0.4 Ah and
−0.4 Ah, and 3.90 V and 4.20 V. It is important to highlight that, in cases where voltage
limits were reached before the maximum SOC variation limits, the charge moved in one
cycle would vary based on aging. Nevertheless, findings from [46] indicate that, at least
in the linear zone of the OCV curve between 20% and 80% of SOC and fixed temperature,
battery aging is independent of the SOC interval and cycle shape. Moreover, in [47], it
was proven that, under the same conditions, the charging/discharging current rate did not
affect cycle aging. In [19], the authors showed that, for the same SOC interval, cycle aging
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depends on the mean SOC value. Taking these aspects into consideration, we can assume
that the battery is solely dependent on the total moved charge Q for each mean SOC value.
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4. Discussion

The experimental tests conducted through the procedure reported in the previous
section resulted in 29 discharge output battery voltage curves for each of the three battery
cells cycled in the low-, medium-, and high-SOC regions at different moved charge Q
values, i.e., cycling levels, up to about 17–20 kAh. According to [45], the time interval used
for calculating the battery resistance was chosen to be equal to 50 s for all the tests. Then,
for each output battery voltage curve, the associated voltage drop was eliminated, along
with the related interval of the curve, to obtain the discharge vocv(q) experimental curves.

4.1. Model Characterization

During the reference characterization stage, in all the tests, the batteries started dis-
charging from fully charged conditions, corresponding to a voltage of 4.2 V. The assurance
of this voltage level was accomplished using the CC–CV protocol. Consequently, it is
reasonable to consider that, for all the tests, vocv(0) = 4.2 V. Therefore, parameter p3 of (4)
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can be linked to parameters p1 and p2, reducing the number of the total parameters to be
tuned to four, as follows:

p3 = 4.2 − p1 − p2. (6)

Considering (6), the proposed model (4) was used to fit the experimental vocv(q)
curves employing the nonlinear LS technique and finding the other four parameters. The
fitting procedure used the “fit” function available in the Matlab (v2022b) software using
the Levenberg–Marquardt algorithm. Moreover, the coefficients of determination (R2)
were calculated.

To characterize the model, seven vocv(q) curves were chosen for each battery cell cycled
in the low-, medium-, and high-SOC regions. Figure 5 reports such experimental curves
together with the modeled ones for the characterization subset of the tests. From the figure,
it can be asserted that the proposed model fits the experimental data very well for all the
tests of the three SOC cycling regions. Figure 6 shows the corresponding R2 values, all of
which are greater than 0.994 for all the tests.
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Figure 6. R2 calculated for the subset of tests used in model characterization for each SOC cycling
region.

Figure 7 presents the parameters of (4) as a function of Q, through which it is possible
to recognize that, for each SOC cycling region, all the parameters exhibit similar trends,
although they are not well defined. This suggests that the changes in the vocv(q) relationship
due to cycle aging affect the shape in a manner that causes the parameters to vary similarly;
i.e., the OCV curves change in a homogenous way. Therefore, fewer parameters may be
regarded as a function of the cycling level. Furthermore, from a mathematical standpoint,
it is possible to recognize that parameters p1 and p2 cause the two exponentials to shift
along the q-axis and vocv-axis in a manner that the vocv(q) function intersection with the
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vocv-axis remains 4.2. Meanwhile, the other two parameters, λ1 and λ2, influence the rate of
change of the exponentials. Moreover, parameters p1, λ1, and λ2 remain relatively constant
with the cycling level. Thus, we attempted to fit (4) while keeping these three parameters
constant at their mean values obtained from the initial nonlinear LS fitting procedure. In
this scenario, the fitting function became linear in its parameters, and the linear LS method
was then applied to determine these parameters. Unfortunately, this procedure resulted in
poor fitting. Thus, the fitting procedure was performed again, considering only parameters
λ1 and λ2 as constant, resulting in better fitting. Table 1 lists the values of parameters λ1
and λ2.
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Figure 7. Trends of parameters of (4) as a function of Q using nonlinear LS for the characterization
subset of tests for each SOC cycling region.

Table 1. Values of parameters λ1 and λ2.

SOC Level Low SOC Medium SOC High SOC

λ1 [1/Ah] −0.2413 −0.2407 −0.2464
λ2 [1/Ah] 2.451 2.454 2.457

Figure 8 illustrates the comparison between the experimental and modeled vocv(q)
curves, with parameters λ1 and λ2 fixed, for the characterization subset of tests within the
three SOC cycling regions. In Figure 9, the corresponding R2 values were reported. Even in
this case, for all the SOC cycling regions, the proposed model fits the experimental data
very well, and all the R2 values are still greater than 0.994. Furthermore, parameters p1 and
p2 assumed a better-defined trend, and it was possible to model their dependency on Q.
Thus, parameters p1 and p2 were fitted using the following analytical functions:

p1 = αp1 · Q + βp1 (7)

p2 = αp2 ·
√

Q + βp2 · Q2 + γp2 · Q + δp2 (8)

where the coefficients of parameter p1 and p2 are reported in Table 2. The trends of these
two parameters compared with their fitting functions are depicted in Figure 10.
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Table 2. Values of the coefficients of λ1 and λ2.

SOC Region Low SOC Medium SOC High SOC

αp1 [V/Ah] 2.479 × 10−7 1.872 × 10−6 4.05 × 10−7

βp1 [V] 0.5485 0.5629 0.5446
αp2 [V/Ah0.5] −1.39 × 10−13 −5.408 × 10−13 −2.831 × 10−13

βp2 [V/Ah2] −3.537 × 10−20 −5.997 × 10−19 −1.519 × 10−20

γp2 [V/Ah] 9.251 × 10−16 3.569 × 10−15 6.185 × 10−16

δp2 [V] −2.514 × 10−11 −1.014 × 10−10 −3.348 × 10−11

The presented procedure allowed us to derive a simple vocv(q) model with a total of
four parameters to be tuned, with only two of them depending on Q. It is interesting to
note that parameters λ1 and λ2 are very similar for the three SOC cycling regions. This can
represent a very intriguing result, suggesting that the two parameters λ1 and λ2 inherently
characterize the type of batteries. According to the specific values of parameters p1 and p2,
the following observations can be made: when p1 increases, the shift of the curve along the
q-axis is very slight, but the entire curve lowers. Conversely, a decrease in parameter p2
causes the curve to shift to the left along the q-axis with a minimal effect on the vocv-axis.
Therefore, it changes the value of q, corresponding to the minimum cutoff voltage of 2.75 V.
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4.2. Model Validation

The proposed model was validated using all the experimental vocv(q) curves at different
cycling levels and for each SOC cycling region comparing them with the corresponding
modeled curves. To quantify the goodness of fit, the absolute and relative errors of the
vocv(q) prediction were assessed. In particular, they were defined as follows:

ev =
∣∣vocv,mod(q)− vocv,exp(q)

∣∣ (9)

ev,rel =
ev

vocv,exp(q)
(10)

where vocv,exp(q) represents the values of the experimental data, and vocv,mod(q) represents
the related values of the modeled ones.

Figures 11 and 12 present the maximum and mean values of both the absolute and
relative vocv(q) prediction errors for each cycling level, Q. From Figure 11, it is possible to
recognize that the maximum relative errors are not higher than 6.4%, 3.5%, and 5.2% for
the low-, medium-, and high-SOC cycling regions, respectively, while the mean relative
errors are not higher than 0.2% for the low- and high-SOC cycling regions and 0.4% for the
medium-SOC cycling region.
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Figure 12. Maximum and mean absolute errors of the vocv(q) estimation.

The vocv(q) value exhibits significant variation with the absolute state of discharge in
LiBs. Consequently, the relative error may have more significance at high states of discharge.
For this reason, Figure 12 shows the maximum and mean values of the absolute error. From
this figure, it is evident that the maximum absolute errors are not higher than 180 mV,
110 mV, and 150 mV for the low-, medium-, and high-SOC cycling regions, respectively.
Similarly, it is possible to recognize that the mean absolute errors are not higher than 7 mV
for the low- and high-SOC cycling regions and 14 mV for the medium-SOC cycling region.

Finally, to provide a comprehensive indication of the goodness of fit, the R2 values
were also evaluated and are reported in Figure 13. They are greater than 0.993 for the low-
SOC cycling region, 0.991 for the medium-SOC cycling region, and 0.994 for the high-SOC
cycling region, confirming the good accuracy of the proposed model along with cycle aging
for all the SOC regions.
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4.3. Actual Capacity Estimation of the Battery

The proposed model enables the prediction of the actual battery capacity, Ca. Through
this, it becomes possible to estimate the SOH related to the capacity fade and correct the
SOC according to (2). In particular, this is achievable by solving (4) with respect to Ca, by
setting the minimum cutoff voltage vocv,min as the output battery voltage. In fact, according
to (4) and (1), when the vocv(q) reaches the latter voltage, the absolute state of discharge, q,
assumes the value of Ca. To assess the accuracy of predicting the latter, the capacity relative
error was defined as follows:

eC,rel =

∣∣qmod(vocv,min)− qexp(vocv,min)
∣∣

qexp(vocv,min)
(11)

where qmod(vocv,min) and qexp(vocv,min) are the predicted and experimental actual battery
capacities, respectively. In our case, the value of the minimum cutoff voltage is 2.75 V. How-
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ever, during the characterization procedure, the voltage drop over the battery resistance
was eliminated, and then the actual minimum voltage was dependent on the amplitude
of such voltage drop, resulting in slightly higher than 2.75 V. In any case, the difference
is negligible; therefore, the last experimental vocv point was considered as the minimum
one, and the corresponding actual battery capacity was evaluated and compared with
the predicted one. The relative errors of the battery capacity are presented in Figure 14
for the three SOC cycling regions. Analyzing that figure, the maximum capacity relative
error is about 1% for the low- and high-SOC cycling tests and 0.5% for the medium-SOC
cycling tests.
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After predicting the actual battery capacity, it becomes possible to calculate the SOH
in terms of the capacity fade as follows:

SOH =

(
1 − Ca

Ci

)
· 100 (12)

where Ci is the initial value of the battery capacity for Q = 0.
Figure 15 shows the capacity fade for the three batteries cycled in the low-, medium-,

and high-SOC regions. It is worth noting that, for cycle levels up to about 5 kAh, the higher
the SOC cycling region, the faster the capacity fade occurs. On the other hand, for cycling
levels greater than 5 kAh, the battery cycled in the medium-SOC region experienced the
highest capacity fade. Specifically, considering the maximum common cycling level of
about 16 kAh, the battery cycled in the medium-SOC region presented a capacity fade
of about 4.3%. Conversely, the battery cycled in the low-SOC region experienced the
lowest capacity fade, approximately 1.8%, while the battery cycled in the high-SOC region
exhibited a capacity fade of about 2.7%. Regarding this, there are few works [19,48–51] in
the literature that analyze how the SOC region can affect the cycle aging of LiBs, and they
present conflicting results. In [19,48], the authors cycled different NMC batteries in various
SOC regions at the same temperature and current rate. The results indicated that, for the
same number of cycles, the batteries aged faster in higher-SOC regions. Similar findings
were reported in [49], for LMO/NMC batteries, and in [52] for LCO batteries. On the other
hand, in [50], for NMC batteries, the authors demonstrated that, at the same temperature
and current rate, the battery aged faster in low- and high-SOC regions, while the minimum
degradation occurred for the battery cycled around 50% of SOC. Similar results were
reported in [51] for NMC/NCA batteries. Conversely, in [53], the authors showed that, for
NCA batteries, the aging rate increased as the SOC regions shifted towards higher values,
peaking in the medium/high-SOC region (65–85% of SOC). However, beyond this point,
the aging rate decreased again. The variations in the results may stem from differences in
battery chemistry, as well as in the test procedures and protocols employed. In our case,
we ensured that the three LCO batteries were from the same production batch, and, before
testing, they were stored under identical conditions. Moreover, during the tests, we not
only restricted the SOC regions but also imposed limits on the battery voltage, preventing
overlap between the different voltage regions associated with the different tests. Therefore,



Energies 2024, 17, 2364 14 of 17

careful attention should be paid to the analysis of cycle aging in LiBs, and to be cautious
when claiming that batteries can age faster or slower based on specific SOC cycling regions.
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5. Conclusions

In this study, the proposed vocv(q) model with five parameters, as reported in [44] to
account for the cycle aging effects in the SOC region between 20% and 80% at a fixed temper-
ature for an LCO battery, was extended for different SOC regions (low, medium, and high
regions). Additionally, for the model validation, a series of experimental tests involving
several vocv(q) curves at various cycling levels for each SOC region were conducted.

Seven vocv(q) curves, for the battery cells cycled in low-, medium-, and high-SOC
regions, were selected for model characterization. Assuming the batteries started from a
fully charged condition, parameter p3 was constrained considering the same initial voltage
of 4.2 V for all the vocv(q) curves, obtaining just four parameters to be tuned. Although the
results of the fitting were satisfactory, the other parameters of equation (4), for each SOC
cycling region, exhibited similar trends as a function of Q. This suggested that changes
in the vocv(q) relationship due to cycle aging could be modeled with fewer parameters
considered as a function of the cycling level. Furthermore, parameters p1, λ1, and λ2
remained relatively constant with the cycling level.

Therefore, the model was fitted again, keeping λ1 and λ2 constant at their mean values
of the initial fitting, demonstrating a good match with the experimental values. Moreover,
the fact that these parameters are quite similar across the three SOC cycling regions hints at
the possibility that λ1, and λ2 may inherently capture the distinctive characteristics of the
battery type.

Subsequently, parameters p1 and p2 were individually fitted for the three SOC cy-
cling regions using simple analytical functions, leading to the derivation of the vocv(q)
curve model.

All the experimental vocv(q) curves were used to prove the accuracy of the proposed
model. The absolute and relative error of the vocv(q) prediction, together with the R2 value,
were calculated to quantify the goodness of fit. The results yielded favorable outcomes,
with mean relative errors lower than 0.2% for the low- and high-SOC cycling regions and
0.4% for the medium-SOC cycling region. To confirm the good accuracy of the proposed
model, the R2 values were found to be greater than 0.993 for the low-SOC cycling region,
0.991 for the medium-SOC cycling region, and 0.994 for the high-SOC cycling region.

Furthermore, the proposed model allows us to estimate the actual battery capacity. The
relative error in capacity remained below 1% for all the aging conditions. With knowledge
of the actual battery capacity, it becomes feasible to accurately estimate the SOC, accounting
for the capacity fade of the battery. In summary, it is possible to affirm that the proposed
model is both straightforward and highly accurate regarding estimating the OCV, SOC, and
SOH in terms of the capacity fade and is valid for the cycle aging in different SOC regions.
Additionally, the simplicity of the proposed OCV-q model, if coupled with a comprehensive
battery model, can facilitate the real-time implementation in BMSs, allowing for rapid and
accurate SOH and SOC estimation during battery operation. Overall, the model enhances
the capability of BMSs to optimize the battery usage, prolong the lifespan, and ensure
reliable performance in various applications.
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Additionally, we found that the battery cycled in the medium-SOC region experienced
faster capacity fade. However, conflicting results regarding this aspect can be found in the
literature, as discussed above. Therefore, it is essential to pay close attention to the analysis
of cycle aging in LiBs.

The analysis was carried out for LCO batteries, which are employed in many portable
electronic devices, such as smartphones or laptops. In particular, we are confident that, for
batteries with cobalt-based cathodes, such as NMC and NCA, which exhibit similar OCV-q
curve trends, the proposed analytical function is suitable for modeling the OCV-q curve.

Nevertheless, in future works, it would be interesting to explore and validate the
applicability of the same analysis to different types of batteries under the same test condi-
tions to determine whether the same model can be used or if modifications are necessary.
Conversely, for the same kind of batteries, the model can be extended to consider different
operating temperatures and aging conditions.
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